I Introduction
Over the years, the style of the progress reports on quantitative methods has varied from an assessment of recent contributions in scholarly journals to a detailed explication of a particular quantitative method. Examples of the latter are the reports by Wrigley during the 1980s, wherein he introduced many human geographers to quantitative methods that had been developed outside the discipline yet promised to make a considerable contribution within the discipline. At the time the readership was generally well versed in linear regression methods and cross-sectional analysis, but generally unfamiliar with categorical data analysis and longitudinal methods. Wrigley's (1982; 1986) reports went a long way towards encouraging progress in human geography by challenging the discipline to consider new and promising quantitative techniques. Such is the goal of the current report. Recent advancement in the analysis of ecological inference has the potential to make a significant contribution to geographic inquiry.
Throughout the twentieth century social scientists were confronted with the challenge of ecological inference. Ecological inference refers to the process of using macrolevel data to infer microlevel relationships. It is the use of aggregate data to study the behavior of individuals. Any research question that substantively addresses individual behavior but relies on empirical analyses of aggregated data faces the problem of ecological inference, also known as cross-level inference. Individual information is irrecoverably lost in the aggregation process (Schuessler, 1999) . The search for a valid method to infer individual behavior from aggregate data has challenged many methodologists, particularly due to the dilemma of the ecological fallacy. As Cressie (1993: 285) explains, the 'ecological fallacy' is the presence of a relationship between two variables at an aggregated level that is due simply to aggregation rather than to any real association. The ecological fallacy comes from correlating Progress in Human Geography 25,1 (2001) pp. 87-96 88 Quantitative methods: advancement in ecological inference aggregates. One cannot assume that a correlation at the aggregate level holds true at the individual level. In fact, Robinson (1950) demonstrates that true individual-level differences can in fact be the inverse of aggregate-level relationships. This leads him to conclude that we should avoid using aggregate-level correlations to draw conclusions about otherwise unobservable individual-level relationships. Geographers frequently use spatially aggregated data, and are accustomed to the dilemma of the ecological fallacy. Ideally, individual-level survey data or public-use micro samples from the national census would be used to analyze individual behavior. However, this information is not always available or only a small representative sample is provided that is too sparse for detailed geographic analysis. In contrast, census data of the population are readily available but they are aggregated across spatial units to ensure confidentiality. Ecological inference is often the only alternative in the absence of individual data.
Currently there are a host of statistical methods for ecological inference (Achen and Shively, 1995; Cleave et al., 1995; Grofman, 1995) , and the most widely used is the ecological regression technique proposed by Goodman (1953; 1959) . Other statistical models for ecological inference include the neighborhood model (Freedman et al., 1991) , the aggregated compound multinomial (ACM) model (Brown and Payne, 1986; Forcina and Marchetti, 1989) , the ecological logit model (Thomsen, 1987) , the maximum entropy method (Johnston et al., 1982) , double-equation regression (Grofman, 1995) , as well as the Lupia-McCue partitioning approach (Lupia and McCue, 1990; Grofman, 1995) and quadratic context effect models (Owen and Grofman, 1997) . Most of these models have been developed to address the numerous limitations of Goodman's regression. Duncan and Davis (1953) developed a deterministic method of ecological inference, called the method of bounds, that utilizes the limited information that is known with certainty from the cross-tabulated aggregated data. The method does not provide a solution to the ecological inference. Instead it provides a range of possible values for the individual-level relationships.
Traditionally, the deterministic method and the statistical methods have remained separate. However, in 1995, at the annual meeting of the Association of American Geographers, Gary King, Professor of Government at Harvard University, presented what he describes as a solution to the ecological inference problem. His solution and methodology subsequently were detailed in his 1997 book A solution to the ecological inference problem: reconstructing individual behavior from aggregate data. King's method is innovative in that he combines a deterministic and a probabilistic methodology to infer individual-level behavior from aggregate data (Tam, 1998a; Schuessler, 1999) . Few would deny the innovative and creative aspects of this methodological advancement. However, the validity of his method has not gone unchallenged. After a review of King's methodology, and the contested nature of his solution, I will discuss extensions to his model and the potential this method holds for geographic research.
II King's method of ecological inference
King's method of ecological inference can be applied to a vast array of behavioral questions, but we will discuss the example of racial voting behavior used in his book to review the methodology. In this example the substantive goal is to determine the proportion of black voters in each precinct who voted for a Democrat. The method begins with a 2 × 3 cross-tabulation of two discrete variables for each precinct: the race of the voting-age population (black or white) and the voting decisions (Democratic, Republican or 'no vote cast'). The need for ecological inference stems from the fact that the individual-level behavior is unknown. We know only aggregate-level measures. We observe the marginal row totals and column totals, but we do not know the values of the cells within the table. In other words, we know how many blacks there are in the population, and we know how many people voted Democratic, but we do not know how many blacks voted Democratic. Trying to determine the individual cell values for each spatial unit (precinct) constitutes the ecological inference problem.
In this example, there are two behavioral variations of interest. The first is whether there are racial differences in voter turnout. The second is, among those who vote, whether there are racial differences in Democratic support. King approaches this question by dividing the task into two steps. The first step is to estimate at the precinct level the proportion of blacks and whites that turns out to vote. The second step is to use the estimates of voter turnout at the precinct level to estimate the proportion of blacks and whites that votes Democratic. The initial 2 × 3 cross-tabulation is decomposed into two tables. The first is a 2 × 2 cross-tabulation of race (black, white) by voting behavior (vote, no vote) . The values within this table are fractions, and the quantities of interest are the fraction of blacks that votes and the fraction of whites that votes. These values are unknown and need to be estimated. The second is a 2 × 2 crosstabulation of race (black, white) by voting behavior (Democratic, Republican) for the population that voted. The estimates obtained from analyzing the first table (the proportion of blacks and whites that voted) become the marginal row totals for the second table. The proportion of each racial group voting Democratic is then estimated from this table. The two-stage procedure is necessary because the behavior of interest (blacks supporting a Democratic candidate) is conditional on the proportion of blacks voting.
The basic version of King's model of ecological inference estimates the cell values of a 2 × 2 table. It begins with the following accounting identity:
where T i is the fraction of people voting in a precinct; X i is the proportion of the population that is black; (1-X i ) is the proportion of the population that is white (assuming only two racial groups in the population); β b i is the fraction of blacks that votes; and β w i is the fraction of whites that votes. Both T i and X i are known values, while β b i and β w i are the unobservable parameters of interest and will be derived by statistical estimation. It is the method King uses to estimate these parameters that distinguishes his model of ecological inference from previous methods.
Currently, the standard approach to ecological inference is a variant of Goodman's (1953; 1959) ecological regression method and it has been recognized by courts as the scientific standard in US Voting Rights cases. Standard ecological regression uses a variant of the accounting identity [Equation (1)] as a regression equation to estimate the parameters β b i and β w i . Goodman's method assumes that the parameters of interest are constant across all precincts (Achen and Shively, 1995; Owen and Grofman, 1997) . This is the equivalent of proposing that all the observations fall directly on the regression line. The method calculates the value of the parameter estimates aggregated over all Suzanne Davies Withers 89 precincts (King, 1997: 38) . This constancy assumption implies that there is a fixed propensity for blacks to vote Democratic and a fixed propensity for whites to vote democratic and these propensities do not vary across precincts (Freedman et al., 1998) . This does not assist in reconstructing individual-level behavior at the precinct level. On the contrary, it assumes no spatial variation in behavior. Hence, it is understandable that the standard approach to ecological inference has had little appeal to geographers.
Moreover, Goodman's method can produce nonsensical results. As proportions, the parameter estimates sensibly must fall within the bounds of [0,1], but there is no aspect of the regression model that restricts the parameter estimates to fall within these bounds. A key feature of King's ecological inference model is his use of the 'method of bounds' to estimate the parameters such that as proportions, they not only fall within the interval [0,1] but usually the bounds are found to be even narrower. The 'method of bounds' is a deterministic approach to ecological inference developed by Duncan and Davis (1953) . It is achieved by using the information from the marginal totals of the cross-tabulations for each precinct to narrow the bounds of the parameter estimates, as shown in Equation (2). The upper and lower bounds on the quantities of interest at the precinct level are:
King further explains that additional deterministic information about the parameters is available from the aggregate data X i and T i . Solving the accounting identity [Equation (1)] for β w i yields:
in which β b i and β w i are linearly related. Since the slope of the line is negative, it is evident that as β b i falls near the upper bound, then β w i must fall near the lower bound (King, 1997) .
Once the deterministic bounds have been calculated, a simultaneous maximum likelihood approach is used to derive probabilistic information about the location of the parameter estimates within the bounds. For the basic model the likelihood function is based on the aggregate data and three modeling assumptions. First, it is assumed that β b i and β w i are generated by a truncated bivariate normal distribution. The truncation corresponds to the bounds for the proportions. Secondly, the absence of aggregation bias is assumed. Thirdly, it is assumed that the observations are spatially independent. We will evaluate these assumptions in the next section.
The quantities of interest are primarily the β b i and β w i for each precinct, as well as estimates for aggregated regions such as political districts. Simulation procedures are used to calculate the precinct-level estimates. This involves taking a number of random samples from the distribution of values within the bounds for each precinct. In this manner the 'method of bounds' coupled with the random coefficients modeling approach leads to estimates that, according to King, are remarkably accurate. Estimates for aggregated spatial resolutions, such as political districts, are then calculated by the weighted average of the precinct values. Unlike the standard method of ecological regression, King's method provides estimates for various geographic resolutions.
King's method is mathematically complex and the explanations and proofs are well detailed in his book. Most important, geographers can readily adopt and implement this method. King has developed EI, an easy-to-use software program complete with statistical procedures, diagnostic plots and graphics, designed to run with GAUSS software. A simplified version called EZI is available that runs independent of GAUSS. The software and manuals are available at King's Internet site at http://GKing.Harvard.Edu. If the assumptions are violated the basic model becomes inappropriate, in which case additional model specifications are available to address incorrect distributional assumptions, aggregation bias and spatial dependence. Models of ecological inference can also be applied to larger tables and include covariates (Benoit and King, 1998) .
III The contested nature of the solution
King's 'solution' to the ecological inference problem has been praised and contested within the academic community. There have been numerous reviews of King's book from a variety of disciplines including geography and regional science (Johnston, 1998; Reynolds, 1998; Anselin, 2000) , policy and management (Neuberg, 1999) , political science (Rivers, 1998; Tam, 1998b) , sociology (Raudenbush, 1998; Shelly, 1998) and public health (Stoto, 1998) . The breadth of response attests to the widespread interest within the social sciences in the ecological inference problem. Generally, there have been few comparative empirical evaluations of the various ecological methods available (one exception is Cleave et al., 1995) , but there have been a few empirical evaluations of King's method (Stoto, 1998; Tam, 1998a; Freedman et al., 1998 Freedman et al., , 1999 . Schuessler (1999) emphasizes three important concepts for the evaluation of methods of ecological inference: specification, robustness and diagnostics. Since individual-level data are unobservable and unknown, the latter factor is of particular importance in the analysis of ecological inference. Each of the evaluations has found reasons to question the robustness and diagnostics of the method. Freedman et al. (1998; ) compare King's method with the ecological regression method and the neighborhood model. The neighborhood model makes estimates by assuming that within a precinct race has no influence on voting behavior. The authors found the estimates provided by King's method to be inaccurate, a finding they were able to determine because they were using known data. Unfortunately the diagnostics suggested that the model findings were reliable. In their empirical evaluation the ecological regression method performed similarly to King's method but the neighborhood model was found to be more accurate (King, 1999) .
Similarly, Tam (1998a) tests King's method extensively, paying careful attention to the performance when the assumptions are violated. She concludes that King's model is appropriate if and only if there is no correlation between the parameters and the
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regressors, meaning there is no aggregation bias. Again, the difficulty is that the diagnostics do not provide a formal method for determining whether there is aggregation bias or not. The lack of a formal method to determine how to extend the model is also recognized as a shortcoming. Again, the assessment is that the method needs to have better statistical diagnostics. She specifically recommends a statistic to indicate the likelihood that a covariate distinguishes between distinct subgroups in the data since the inclusion of a covariate can control aggregation bias. Stoto (1998) applies King's method within the public health forum to two substantive areas: low birthweight children and infant mortality by race. Both evaluations arrived at troublesome results leaving Stoto to suggest that King's model is inappropriate for studies of lowincidence behaviors.
Generally, reviewers have questioned the assumption of the truncated bivariate normal distribution. Some of the poor performance during empirical evaluations appears to stem from the violation of this assumption, specifically in situations where the distribution is bimodal. The third assumption of his model is spatial independence. Tam (1998a: 146) empirically evaluated the consequences of spatial autocorrelation using Monte Carlo simulations. She concludes that although one might expect spatial autocorrelation to be problematic in aggregate analysis, this is clearly not the case if the data are consistent with the other two assumptions. King claims his model performs well even in the presence of spatial dependence. He divides deviations from the independence assumptions into two types, spatial variation and spatial autocorrelation (King, 1997: 165) . In his model, spatial variation refers to situations in which the parameter estimates vary over the observations in a geographically interesting way. In the extended model, spatial variation can be included by the use of covariates. Spatial autocorrelation is defined as the deviations from independence after conditioning on X i . At a minimum King encourages that estimates be mapped at the precinct level. He also encourages further analysis with econometric models of spatial autocorrelation, such as those developed by Anselin (1988) .
In sum, King's model has been found to perform reliably if the assumptions are met. However, it is not considered to be robust and lacks statistical diagnostics. Strictly speaking, since his and other methods of ecological inference are probabilistic there is no solution to the ecological inference problem. The ecological inference problem will never yield a deterministic solution (Flanigan and Zingale, 1985; Dykstra, 1986; Schuessler, 1999) .
IV Extensions to King's model
Largely in response to these evaluations, King et al. (1999) have made further advancement in ecological inference by developing binomial-beta hierarchical models of ecological inference. These models extend King's method of ecological inference by using insights from the literature on hierarchical models based on Markov chain Monte Carlo (MCMC) algorithms. The models are designed to respond to many of the criticisms of King's ecological inference method. Specifically, binomial-beta hierarchical models are designed to be more suitable when unimodal distributional assumptions do not appear to hold. They are better suited to the analysis of larger contingency tables. Covariates can be included and a formal evaluation of the significance of the covariates is available. The authors also speculate that it may be more suitable when some of the observed aggregate cells are estimated from few observations, as was the case in Stoto's (1998) evaluation.
Others also have developed innovative extensions of the model. Penubarti and Schuessler (1999) draw on King's ecological inference solution and propose an approach of ecological panel inference (EPI) that allows researchers to estimate microlevel change from macrolevel measures of change. Methodologically the authors contribute to the growing statistical literature that draws panel inferences from nonpanel data (Sigelman, 1991) . In this creative extension the emphasis has shifted from comparisons across space (precincts) to comparisons across time for the same individuals, making it an appropriate method for the study of change in opinions, preferences, choice, and other individual behaviors.
Fotheringham (2000) suggests another adaptation of the ecological inference model. He proposes using geographically weighted regression (GWR), a method for exploring spatial nonstationarity that involves estimating a surface rather than a point based on the assumption that nearby points are likely to be more similar than distant points across a space (Brunsdon et al., 1996) . Whereas the random coefficient model is appropriate for discrete processes, Fotheringham proposes a variant of weighted least squares regression for continuous processes in ecological inference.
V Implications for geographic research
There have been a number of applications of King's method to studies of voting behavior. It has been used to study Latino citizenship and participation in California politics in Los Angeles County (Alvarez and Butterfield, 1999) , to explore the controversial 1996 success of three African-American incumbents who lost their majorityblack southern congressional districts to Supreme Court decisions (Voss and Lublin, forthcoming), to examine split-ticket voting patterns in various US states and congressional districts during the 1988 elections (Burden and Kimball, 1998) and of course to infer support for the Nazi Party in Weimar Germany in the 1930 and 1932 elections (O'Loughlin, 2000 , to name but a few. In each of these studies a significant substantive finding has been the geographic variation in behavior. Geographic resolution and variation are fundamental to King's model. This alone makes King's method an advancement in ecological inference. It makes it an especially provocative tool for geographic research and spatial analysis, particularly in fields that have little or no access to individual-level data. Numerous theoretical propositions that previously were intractable due to ecological fallacies can now be assessed empirically.
Mapping the estimates from the ecological inference model may reveal spatial variation suggestive of processes hitherto not considered. Understanding spatial variation is at the core of geographic inquiry. Moreover, the integration of ecological inferences with geographic information systems may provide significant insights beyond the traditional approach of ecological data overlays.
The results from King's ecological inference can be used in further analysis as a dependent variable in a regression analysis to examine explanations for spatial variations in individual behavior. This approach would move beyond empirically verifying a theoretical premise toward understanding the contextual factors that help to Suzanne Davies Withers 93 explain the spatial variations in behavior. Whether context matters is a question being examined by many social scientists, from a variety of ontological and methodological positions (Agnew, 1996a; 1996b; King, 1996; Owen and Grofman, 1997) . It is precisely the need to distinguish between geographic variation and contextual effects that makes King's model a promising innovation.
To conclude, King's method is innovative in that he combines deterministic and probabilistic approaches to the ecological inference problem. There remains a need for comparative empirical evaluations of the various methods of ecological inference. King's ecological inference model and the binomial-beta hierarchical models for ecological inference are indicative of general trends in quantitative methods. King's methodological advancement was possible due to massive increases in computational power (Fotheringham, 1998) coupled with a concern with local as opposed to global analysis (Fotheringham, 1997) . Clearly, advancement in ecological inference represents a new course for the spatial analysis of human behavior -a fertile field for progress in geographic inquiry.
